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Abstract- EEG-based Brain Computer Interfaces (BCls)
require on-line detection of mental states from spontaneous or
surface Laplacian transformed EEG signals. However, accurate
SL estimates require the use of many EEG electrodes, when
local estimation methods are used. Since BCI devices have to use
a limited number of electrodes for practical reasons, we
investigated the performances of spline methods for SL
estimates using a limited number of electrodes (low resolution
SL). In this paper, recognition of mental activity was attempted
on both raw and SL-transformed EEG data from five healthy
people performing two mental tasks, nhamely imagined right and
left hand movements. Linear classifiers were used including
Signal Space Projection (SSP) and Fisheris linear discriminant.
Results showed an acceptable average correlation between the
waveforms obtained with the low resolution SL and those
obtained with the SL computed from 26 electrodes (full
resolution SL). Recognition scores for mental EEG-patterns
were obtained with the low-resolution surface Laplacian
transformation of the recorded potentials when compared with
those obtained by using full resolution SL (82%b).

I. INTRODUCTION

In the framework of the construction of a EEG-based Brain
Computer Interface (BCI) it was suggested that EEG patterns
can be better detected with EEG data transformed with the
Surface Laplacian computation (SL) than with the
unprocessed raw potentials [1]. However, accurate SL
estimates require the use of many EEG electrodes, when local
estimation methods are used [2,3]. These local estimation
methods compute the SL at a certain electrode position on the
base of the value of the surrounding nearest electrodes. This
cause errors in the SL estimation at the electrodes placed at
the boundary of the electrode grid, since their neighbors are
not well defined [4,5]. The requirement of an high number of
electrodes for an affordable estimate of the SL of the EEG
distribution would prevent the application of SL estimates in
a BCI device to be used by laypersons in real-life conditions,
due to practical reasons, namely the time consuming
procedure of the scalp electrode positioning. On the other
hand, there exists a class of estimators of the surface
Laplacian of the EEG potential distributions that is based on
the use of a iglobalT computational scheme, such as the
spherical splines [6,7], in which the surface Laplacian at a
certain electrode position depends from the values at all the
other positions of the recording array. From these
considerations, in this paper we investigate the performances
of global computational methods for the estimation of the SL
from a limited number of electrodes, based on the spherical
spline approach. The working hypothesis at the base of the

present work are i) the use of global interpolation SL
estimates can produce reasonable SL waveforms even if a
reduced number of electrodes are used (low resolution SL);
ii) the use of low resolution SL waveforms for BCls allows
percentage of classifications of mental patterns statistically
similar to those obtained with SL waveforms computed with
the full recording array. In order to investigate the first issue,
the Tgold standardT of the SL estimates obtained with the full
recording array were compared to the spline-based SL
estimations obtained on the same EEG recordings but using
only 9 electrodes, uniformly disposed along the scalp in the
position of the international 10-20 system. The second issue
was addressed by comparing the recognition rates of the BCI
system obtained using low-resolution SL waveforms with
those obtained by the full resolution SL. Here, we report
results in the recognition of mental patterns with two linear
classifiers based on the Signal Space Projection (SSP)
algorithm [8] and Fisheris linear discriminant functions
[9,10]. The interest in the use of such linear classifiers for
BCI is due to their simple training and decision procedures.
In fact, these procedures do not involve non-linear
minimization procedures such as those necessary for the
neural network classifiers already used in the BCI field [11-
13]. This of course was at the expense of the possibility to
separate the input space with non linear discriminant
functions. Recognition performances of the two linear
classifiers on unprocessed and SL-transformed EEG data
were computed from a group of five healthy people
performing two motor-related mental tasks, namely imagined
right and left hand movements.

1. METHODOLOGY
A. Data Collection

Five healthy subjects (three males and two females)
participated voluntarily in experiments where they performed
different tasks, including the imagination of the movement of
the right middle finger (RI) as well as the left middle finger
(L1). The whole scalp was covered with 26 EEG electrodes
placed onto standard locations according to the extension of
the 10-20 international system. Sampling frequency was
400 Hz, and signal was bandpass filtered between 0.1 and
100 Hz before digitization. At the beginning of a recording
session, subjects remained in a resting stateOrelax with eyes
openedOfor 60 s. The EEG activity of this period is used as a
baseline for subsequent analysis of the mental tasks. Then,
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subjects started performing the task immediately after the
operator instructed them to do so, and they maintained that
task for more than 10 s. Every subject executed four times
each task during the recording session, with a resting period
of 10s between each. After removal of time segments
contaminated with EMG in the arms it remains about 40
seconds of EEG signals for each task for every subject.

B.  SL estimations.

Surface Laplacian computations were performed by using the
spherical splines of order two, that were found to be adequate
to describe the SL distributions of EEG data [14]. For each
EEG recording two computations of the SL were performed.
The first by using all the information of the electrode
montage (full-resolution SL), while the second SL
computation was performed by using only the data of the
EEG potentials from nine electrodes (low-resolution SL).
These nine electrodes were placed on the scalp surface
according to the position F3, Fz, F4, C3, Cz, C4, P3, Pz, P4
of the International 10-20 System.

C.  Comparisons of the SL estimations

The aim of the work was to investigate if the low-resolution
SL estimation is able to produce relatively accurate SL
estimates for the recognition of mental patterns. Hence, we
used the correlation coefficient to measure the fit between the
full resolution and the low-resolution SL waveforms in the
nine electrodes selected. These comparisons were performed
for all the EEG recordings performed in the five subjects
analyzed.

D.  Data Pre-Processing.

Time varying spectrograms of either full and low resolution
SL-transformed EEG data by estimating the Power Spectral
Density (PSD) of 2-second long epochs, each starting 1s
after the previous one were computed. The Welch
periodogram algorithm to estimate the PSD was applied.
Epochs are divided into segments of 1 s, with a Hann window
of the same length applied to each segment, and 50 %
overlapping between the segments. This gives a frequency
resolution of 1 Hz. Finally, the power components are
referred to the corresponding values of the estimated PSD of
the baseline and transformed in dBOi.e.,, we take the
logarithm of the division. The spectral values were
considered in a frequency band from 8 to 30 Hz, since those
band was recognized to be useful for the recognition of
mental pattern in previous papers [15,16].

E.  Signal Space Projection

In the Signal Space Projection method a n-dimensional space
is defined so that a TimeasureT vector m(t), whose
components are features extracted from incoming data, is
represented in that space by a point. In the present case, the
measure vector m(t) is the SL-transformed spectral EEG data
in the frequency band of 8-30 Hz computing during the
mental tasks analyzed. Given p vectors of n-dimensional

ipatternsT (sy, 52,0, sp), the p components of the TactivationT
vector:

a(y = S'im(t) )

weight the presence of each pattern in m(t). S* is the
pseudoinverse of the projection matrix S whose columns are
the patterns (si, 52,0, sp). The pattern describing one of the i
experimental tasks s; is the mean of the selected components
of the PSD computed while subject was imagining or
performing the corresponding single hand movement (right or
left) (training procedure).

F.  Fisher’s linear discriminant

The same input pattern array m(z) described before can be
classified with a general linear discriminant function such as

y(t) =w'm(z) )

where w is the array of unknown weights that defines the
separation between classes of right imagined movement (RI)
and left imagined movement (LI) in the input space. It is
possible to define a projection that maximizes the separation
between the classes. Fisheris discriminant [9,10] maximizes a
function J(w) that represents the differences between the
projected class means, normalized by a measure of the
within-class scatter along the w direction. By defining sg and
s as the class means composed by the same spatial patterns
used for the application of the SSP described before, and the
average of the data set s, the function proposed J(w) is

I
WRyw

w'R, W

J(w) = 3)

where Ry, is the between class covariance matrix given by
Rb :(SL'SR)EQSL'SR)’ (4)
and R, the within-class covariance matrix given by

R, =2, (M()-s,) {m() -s,)
0Ty (5)
+> (M) -5 ) dm() -5, )’

T,

where the first summation runs over all the patterns
belonging to the class describing the right mental imagery
and the second over all the patterns belonging to the class
related to the left mental imagery. J(w) is maximized when

the weights are chosen proportionally to the R, [{s, —S,).

Once obtained the weight vector w, the generic input pattern
m(¢) were assigned to the class regarding the left mental

imagery if the result of the projection w'[{m(z)-s) is
greater than zero, and to the class related to the right mental
imagery otherwise.



G.  Classification of mental patterns

After PSD values were computed on full and low resolution
SL-transformed EEG data, such values are then fed to into
the linear classifiers used in this paper, based on the Signal
Space Projection (SSP) and Fisher discriminant technique.
These classifiers were then used for the separation of mental
patterns related to the imagination of right (RI) and left (LI)
hand movements.

H.  Cross validation.

For recognition purposes, we applied to the low and full
resolution SL EEG data the k-fold cross-validation, with k =
8. Hence, we divided the EEG data set for each subject into k
subsets of equal size. The SSP and Fisher linear discriminant
projection were recomputed k times, each time leaving out
one of the EEG data subsets from the training, and using the
omitted subset to compute the recognition rate. Then, the
results presented here are an average of the recognition rate
obtained for each one of the k subset of EEG data not used
for the SSP and Fisher estimation of the class means
(training).

1. Statistical analysis.

A two way Analysis of Variance (ANOVA) was performed
on the average values of the recognition scores obtained by
the cross-validation technique. The first main factor was
METHODS with two levels (SSP and FISHER) for the linear
classifiers used in the present work, while the second main
factor was SPATIAL FILTER, with two levels (LOWRESL
and HIGHRESL) in which the different implementation of
the computation of the surface Laplacian are compared (low
and high resolution SL). No spherical correction has been
used [17] for the ANOVA computation since the levels of the
main factors are less than three.

I1l. RESULTS

Table 1 reports the average correlation values obtained
between the unprocessed EEG waveforms, the low-resolution
and full-resolution SL transformation of the EEG waveforms,
in each time point acquired and on all the five recorded
subjects. Correlation values were computed for the channels
included in the computation of the low-resolution SL, namely
F3, Fz, F4, C3, Cz, C4, P3, Pz, P4. The first row of the Table
1 shows the correlation values between the low-resolution SL
and the full-resolution SL on each channel analyzed. Average
correlation between low and full resolution SL-transformed
EEG waveforms was 0.65, while was 0.36 between the

TABLE |
FIRST ROW: CORRELATION VALUES BETWEEN THE LOW-RESOLUTION SL AND THE
FULL-RESOLUTION SL (SL9-SL). SECOND ROW: CORRELATION VALUES BETWEEN THE
LOW-RESOLUTION SL AND THE RAW POTENTIALS (SL9-P). THIRD ROW: CORRELATION
VALUES BETWEEN THE SL ESTIMATION OBTAINED USING ALL 26 AVAILABLE
CHANNELS AND RAW POTENTIALS (SL-P)

F3 C3 P3 Fz Cz Pz F4 C4 P4
041 082 059 05 09 091 037 078 0.57
039 026 027 05 05 043 046 011 0.34
033 046 058 01 03 042 031 032 0.60

SL9-SL
SL9-P
SL-P

unprocessed EEG and the low-resolution SL waveforms, and
was 0.38 between the unprocessed EEG and the full
resolution SL waveforms. Table 2 reports the recognition
scores (in percentages) of the mental imagination of
movements in the five subjects analyzed with both the linear
classifiers used (SSP and Fisher) with data from low and full-
resolution SL. With  SSP using the low resolution SL EEG
data the average recognition was of 81.3% while using the
full resolution SL improves to 82.1%. The use of Fisher
classifier applied to the low resolution SL EEG data produces
60% or recognition score, while when the full resolution SL
data was used this percentage arrives to 70.4%. The ANOVA
demonstrated that the use of SSP improves significantly the
recognition score with respect the use of Fisher discriminant
method (METHODS main factor, F = 11.75, p<0.0266).
Instead, the use of the low resolution SL data does not
decrease significantly the recognition rate of the mental
patterns with respect to the use of full resolution SL
(SPATIAL FILTERS main factor, F = 3.79, p = 0.12).
Furthermore, no interaction METHODS x SPATIAL
FILTERS was found (F = 2.90, p = 0.16).

TABLE Il

RECOGNITION SCORES FOR THE DETECTION OF RIGHT AND LEFT IMAGINED
MOVEMENTS IN FIVE SUBJECTS. PERCENTAGES ARE OBTAINED WITH THE USE OF THE
SSP LINEAR CLASSIFIERS WITH THE LOW RESOLUTION SL-TRANSFORMED EEG DATA
(SSP LOWRES SL) AND WITH THE FULL RESOLUTION SL-TRANSFORMED EEG DATA
(SSP FULLRES SL), AS WELL AS WITH THE FISHER LINEAR CLASSIFIER ON LOW AND
FULL RESOLUTION SL-TRANSFORMED EEG DATA (FISHER LOWRES SL AND FISHER
FULLRES SL, RESPECTIVELY)

Subjects SSP SSP Fisher Fisher
LowResSL FullResSL  LowResSL  FullRes SL

Cl 69% 88% 49% 57%

Mj 97% 88% 57% 70%

Ra 64% 60% 51% 57%

Rb 87% 82% 78% 83%

Ta 89% 92% 65% 85%
Mean 81% 82% 60% 70%

1V. DISCUSSION

The results of this study suggested that in the BCI framework
it is useful to compute the surface Laplacian by spherical
spline also if a limited number of scalp electrodes are
available or used for the analysis. In fact, the accuracy of the
computed low-resolution SL seems to be not too far from that
of the SL obtained by 26 scalp electrodes (average correlation
coefficient 0.65 on all the subjects and on all the time points
analyzed). It is relevant that the SL-transformed waveforms
with both modalities (low and full resolution) showed a very
low correlation with the unprocessed raw potentials (about
0.38 for all SL-transformed potentials). More importantly, the
average mental patterns recognition score over five subjects
and for the SSP classifier obtained with the use of low-
resolution SL are close to that computed with the SL
computed from all the 26 electrodes used (81.3% and 82.1%,
respectively). Statistical analysis performed with the
ANOVA demonstrated that the use of low resolution SL data
does not decrease significantly the performance of the
particular classifiers used (i.e. SSP or Fisher, p = 0.16). This
result is promising for the realization of BCI devices that rely



on the use of a limited number of electrodes, also at the
expenses of a minor recognition rates that maybe can be
compensated by a relative larger training of the experimental
subject. Such devices can compute the SL transformed EEG
data by using global spline SL techniques with a modest loss
of accuracy in recognition rates of mental patterns with
respect to the case of in which a large array of electrodes is
required. Statistical analysis also suggests the superiority of
the Signal Space Projection as a method for the detection of
mental patterns with respect the other linear discriminant
technique, namely the Fisher linear discriminant. Compared
to neural networks [10,12], linear classifiers are easier to train
since they do not require non-linear minimization. With
respect the recognition scores obtained here, other Authors
have been able to perform successful recognition scores of
patterns associated with the preparation of performed
movements with linear classification technique based on the
Common Spatial Patterns as high as 90% (CSP) [15] as well
as non linear classifiers as high as 84% [11-13] in the BCI
area.

In summary, results of the present work suggest that a
BCl device based on linear classifiers and Laplacian-
transformed EEG signals computed from a limited number of
scalp electrodes (nine) can be able to detect mental activity
with a reasonable level of percentage score. This open the
avenue for more practical BCI devices that does not requires
the use of a large set of electrodes.

REFERENCES

[1] McFarland DJ, McCane LM, David SV, Wolpaw JR.
Spatial filter selection for EEG-based communication.
Electroencephalogr Clin Neurophysiol 1997; 103:386f94.

[2] Gevins A. Dynamic functional topography of cognitive
task. Brain Topogr 1989; 2:37f56.

[3] Gevins A, Brickett P, Reutter B, Desmond J. Seeing
through the skull: advanced EEGs use MRIs to accurately
measure cortical activity from the scalp. Brain Topogr. 1991;
4:125-131.

[4] Hjorth B. An on line transformation of EEG scalp
potentials into orthogonal source derivations. Electroenceph.
clin. Neurophysiol. 1975; 39:526-530.

[5] McKay DM On line source density computation with a
minimum of electrodes. Electroenceph. clin. Neurophysiol.
1983; 56:696-69.

[6] Perrin F, Pernier J, Bertrand O, Echallier JF. Spherical
spline for potential and current density mapping.
Electroenceph. clin. Neurophysiol. 1989; 72:184-187.

[7] Perrin F, Pernier J, Bertrand O, Echallier JF. Corrigendum
EEG 02274. Electroenceph. clin. Neurophysiol. 1990;
76:565.

[8] llmoniemi RJ. Method and apparatus for separating the
different components of evoked response and spontaneous

activity brain signals as well as signals measured from the
heart. Finnish patent application N.925461, 30 Nov, 1992.

[9] Fukunaga K. Statistical Pattern Recognition, Oxford
University Press, 1994.

[10] Bishop C. Neural Networks for Patter Recognition,
Oxford University Press, 1995.

[11] Pfurtscheller G, Flotzinger D, Mohl W, Peltoranta M.
Prediction of the side of hand movements from single-trial
multi-channel EEG data using neural  networks.
Electroenceph. clin. Neurophysiol. 1992; 82:313.

[12] Pfurtscheller G, Kalcher J, Neuper C, Flotzinger D,
Pregenzer M. On-line EEG classification during externally-
paced hand movements using a neural network-based
classifier. Electroencephalogr Clin Neurophysiol 1996;
99:416A25.

[13] Flotzinger D, Pfurtscheller G, Neuper C, Berger J, Mohl,
W. Classification of non-averaged EEG data by learning
vector quantisation and the influence of signal preprocessing.
Med. & Biol. Eng. & Comput. 1994; 32:571.

[14] Babiloni F, Babiloni C, Carducci F, Fattorini L, Onorati
P, Urbano A. Performances of surface Laplacian estimators: a
study of simulated and real scalp potential distributions.
Brain Topography 1995; 8:35.

[15] Muller-Gerking J, Pfurtscheller G, Flyvbjerg H,
Designing optimal spatial filters for single-trial EEG
classification in a movement task. Clin Neurophysiol. 1999;
110(5):787-98.

[16] Babiloni F, Cincotti F, Lazzarini L, Millan J, Mourifio J,
Varsta M, Heikkonen J, Bianchi L, Marciani MG. Linear
classification of low-resolution EEG patterns produced by
imagined hand movements, IEEE Trans. on Rehab. Engng.
2000; 8:1861188.



	Main Menu
	-------------------------
	Welcome Letter
	Chairman Address
	Keynote Lecture
	Plenary Talks
	Mini Symposia
	Workshops
	Theme Index
	1.Cardiovascular Systems and Engineering 
	1.1.Cardiac Electrophysiology and Mechanics 
	1.1.1 Cardiac Cellular Electrophysiology
	1.1.2 Cardiac Electrophysiology 
	1.1.3 Electrical Interactions Between Purkinje and Ventricular Cells 
	1.1.4 Arrhythmogenesis and Spiral Waves 

	1.2. Cardiac and Vascular Biomechanics 
	1.2.1 Blood Flow and Material Interactions 
	1.2.2.Cardiac Mechanics 
	1.2.3 Vascular Flow 
	1.2.4 Cardiac Mechanics/Cardiovascular Systems 
	1.2.5 Hemodynamics and Vascular Mechanics 
	1.2.6 Hemodynamic Modeling and Measurement Techniques 
	1.2.7 Modeling of Cerebrovascular Dynamics 
	1.2.8 Cerebrovascular Dynamics 

	1.3 Cardiac Activation 
	1.3.1 Optical Potential Mapping in the Heart 
	1.3.2 Mapping and Arrhythmias  
	1.3.3 Propagation of Electrical Activity in Cardiac Tissue 
	1.3.4 Forward-Inverse Problems in ECG and MCG 
	1.3.5 Electrocardiology 
	1.3.6 Electrophysiology and Ablation 

	1.4 Pulmonary System Analysis and Critical Care Medicine 
	1.4.1 Cardiopulmonary Modeling 
	1.4.2 Pulmonary and Cardiovascular Clinical Systems 
	1.4.3 Mechanical Circulatory Support 
	1.4.4 Cardiopulmonary Bypass/Extracorporeal Circulation 

	1.5 Modeling and Control of Cardiovascular and Pulmonary Systems 
	1.5.1 Heart Rate Variability I: Modeling and Clinical Aspects 
	1.5.2 Heart Rate Variability II: Nonlinear processing 
	1.5.3 Neural Control of the Cardiovascular System II 
	1.5.4 Heart Rate Variability 
	1.5.5 Neural Control of the Cardiovascular System I 


	2. Neural Systems and Engineering 
	2.1 Neural Imaging and Sensing  
	2.1.1 Brain Imaging 
	2.1.2 EEG/MEG processing

	2.2 Neural Computation: Artificial and Biological 
	2.2.1 Neural Computational Modeling Closely Based on Anatomy and Physiology 
	2.2.2 Neural Computation 

	2.3 Neural Interfacing 
	2.3.1 Neural Recording 
	2.3.2 Cultured neurons: activity patterns, adhesion & survival 
	2.3.3 Neuro-technology 

	2.4 Neural Systems: Analysis and Control 
	2.4.1 Neural Mechanisms of Visual Selection 
	2.4.2 Models of Dynamic Neural Systems 
	2.4.3 Sensory Motor Mapping 
	2.4.4 Sensory Motor Control Systems 

	2.5 Neuro-electromagnetism 
	2.5.1 Magnetic Stimulation 
	2.5.2 Neural Signals Source Localization 

	2.6 Clinical Neural Engineering 
	2.6.1 Detection and mechanisms of epileptic activity 
	2.6.2 Diagnostic Tools 

	2.7 Neuro-electrophysiology 
	2.7.1 Neural Source Mapping 
	2.7.2 Neuro-Electrophysiology 
	2.7.3 Brain Mapping 


	3. Neuromuscular Systems and Rehabilitation Engineering 
	3.1 EMG 
	3.1.1 EMG modeling 
	3.1.2 Estimation of Muscle Fiber Conduction velocity 
	3.1.3 Clinical Applications of EMG 
	3.1.4 Analysis and Interpretation of EMG 

	3. 2 Posture and Gait 
	3.2.1 Posture and Gait

	3.3.Central Control of Movement 
	3.3.1 Central Control of movement 

	3.4 Peripheral Neuromuscular Mechanisms 
	3.4.1 Peripheral Neuromuscular Mechanisms II
	3.4.2 Peripheral Neuromuscular Mechanisms I 

	3.5 Functional Electrical Stimulation 
	3.5.1 Functional Electrical Stimulation 

	3.6 Assistive Devices, Implants, and Prosthetics 
	3.6.1 Assistive Devices, Implants and Prosthetics  

	3.7 Sensory Rehabilitation 
	3.7.1 Sensory Systems and Rehabilitation:Hearing & Speech 
	3.7.2 Sensory Systems and Rehabilitation  

	3.8 Orthopedic Biomechanics 
	3.8.1 Orthopedic Biomechanics 


	4. Biomedical Signal and System Analysis 
	4.1 Nonlinear Dynamical Analysis of Biosignals: Fractal and Chaos 
	4.1.1 Nonlinear Dynamical Analysis of Biosignals I 
	4.1.2 Nonlinear Dynamical Analysis of Biosignals II 

	4.2 Intelligent Analysis of Biosignals 
	4.2.1 Neural Networks and Adaptive Systems in Biosignal Analysis 
	4.2.2 Fuzzy and Knowledge-Based Systems in Biosignal Analysis 
	4.2.3 Intelligent Systems in Speech Analysis 
	4.2.4 Knowledge-Based and Neural Network Approaches to Biosignal Analysis 
	4.2.5 Neural Network Approaches to Biosignal Analysis 
	4.2.6 Hybrid Systems in Biosignal Analysis 
	4.2.7 Intelligent Systems in ECG Analysis 
	4.2.8 Intelligent Systems in EEG Analysis 

	4.3 Analysis of Nonstationary Biosignals 
	4.3.1 Analysis of Nonstationary Biosignals:EEG Applications II 
	4.3.2 Analysis of Nonstationary Biosignals:EEG Applications I
	4.3.3 Analysis of Nonstationary Biosignals:ECG-EMG Applications I 
	4.3.4 Analysis of Nonstationary Biosignals:Acoustics Applications I 
	4.3.5 Analysis of Nonstationary Biosignals:ECG-EMG Applications II 
	4.3.6 Analysis of Nonstationary Biosignals:Acoustics Applications II 

	4.4 Statistical Analysis of Biosignals 
	4.4.1 Statistical Parameter Estimation and Information Measures of Biosignals 
	4.4.2 Detection and Classification Algorithms of Biosignals I 
	4.4.3 Special Session: Component Analysis in Biosignals 
	4.4.4 Detection and Classification Algorithms of Biosignals II 

	4.5 Mathematical Modeling of Biosignals and Biosystems 
	4.5.1 Physiological Models 
	4.5.2 Evoked Potential Signal Analysis 
	4.5.3 Auditory System Modelling 
	4.5.4 Cardiovascular Signal Analysis 

	4.6 Other Methods for Biosignal Analysis 
	4.6.1 Other Methods for Biosignal Analysis 


	5. Medical and Cellular Imaging and Systems 
	5.1 Nuclear Medicine and Imaging 
	5.1.1 Image Reconstruction and Processing 
	5.1.2 Magnetic Resonance Imaging 
	5.1.3 Imaging Systems and Applications 

	5.2 Image Compression, Fusion, and Registration 
	5.2.1 Imaging Compression 
	5.2.2 Image Filtering and Enhancement 
	5.2.3 Imaging Registration 

	5.3 Image Guided Surgery 
	5.3.1 Image-Guided Surgery 

	5.4 Image Segmentation/Quantitative Analysis 
	5.4.1 Image Analysis and Processing I 
	5.4.2 Image Segmentation 
	5.4.3 Image Analysis and Processing II 

	5.5 Infrared Imaging 
	5.5.1 Clinical Applications of IR Imaging I 
	5.5.2 Clinical Applications of IR Imaging II 
	5.5.3 IR Imaging Techniques 


	6. Molecular, Cellular and Tissue Engineering 
	6.1 Molecular and Genomic Engineering 
	6.1.1 Genomic Engineering: 1 
	6.1.2 Genomic Engineering II 

	6.2 Cell Engineering and Mechanics 
	6.2.1 Cell Engineering

	6.3 Tissue Engineering 
	6.3.1 Tissue Engineering 

	6.4. Biomaterials 
	6.4.1 Biomaterials 


	7. Biomedical Sensors and Instrumentation 
	7.1 Biomedical Sensors 
	7.1.1 Optical Biomedical Sensors 
	7.1.2 Algorithms for Biomedical Sensors 
	7.1.3 Electro-physiological Sensors 
	7.1.4 General Biomedical Sensors 
	7.1.5 Advances in Biomedical Sensors 

	7.2 Biomedical Actuators 
	7.2.1 Biomedical Actuators 

	7.3 Biomedical Instrumentation 
	7.3.1 Biomedical Instrumentation 
	7.3.2 Non-Invasive Medical Instrumentation I 
	7.3.3 Non-Invasive Medical Instrumentation II 

	7.4 Data Acquisition and Measurement 
	7.4.1 Physiological Data Acquisition 
	7.4.2 Physiological Data Acquisition Using Imaging Technology 
	7.4.3 ECG & Cardiovascular Data Acquisition 
	7.4.4 Bioimpedance 

	7.5 Nano Technology 
	7.5.1 Nanotechnology 

	7.6 Robotics and Mechatronics 
	7.6.1 Robotics and Mechatronics 


	8. Biomedical Information Engineering 
	8.1 Telemedicine and Telehealth System 
	8.1.1 Telemedicine Systems and Telecardiology 
	8.1.2 Mobile Health Systems 
	8.1.3 Medical Data Compression and Authentication 
	8.1.4 Telehealth and Homecare 
	8.1.5 Telehealth and WAP-based Systems 
	8.1.6 Telemedicine and Telehealth 

	8.2 Information Systems 
	8.2.1 Information Systems I
	8.2.2 Information Systems II 

	8.3 Virtual and Augmented Reality 
	8.3.1 Virtual and Augmented Reality I 
	8.3.2 Virtual and Augmented Reality II 

	8.4 Knowledge Based Systems 
	8.4.1 Knowledge Based Systems I 
	8.4.2 Knowledge Based Systems II 


	9. Health Care Technology and Biomedical Education 
	9.1 Emerging Technologies for Health Care Delivery 
	9.1.1 Emerging Technologies for Health Care Delivery 

	9.2 Clinical Engineering 
	9.2.1 Technology in Clinical Engineering 

	9.3 Critical Care and Intelligent Monitoring Systems 
	9.3.1 Critical Care and Intelligent Monitoring Systems 

	9.4 Ethics, Standardization and Safety 
	9.4.1 Ethics, Standardization and Safety 

	9.5 Internet Learning and Distance Learning 
	9.5.1 Technology in Biomedical Engineering Education and Training 
	9.5.2 Computer Tools Developed by Integrating Research and Education 


	10. Symposia and Plenaries 
	10.1 Opening Ceremonies 
	10.1.1 Keynote Lecture 

	10.2 Plenary Lectures 
	10.2.1 Molecular Imaging with Optical, Magnetic Resonance, and 
	10.2.2 Microbioengineering: Microbe Capture and Detection 
	10.2.3 Advanced distributed learning, Broadband Internet, and Medical Education 
	10.2.4 Cardiac and Arterial Contribution to Blood Pressure 
	10.2.5 Hepatic Tissue Engineering 
	10.2.6 High Throughput Challenges in Molecular Cell Biology: The CELL MAP

	10.3 Minisymposia 
	10.3.1 Modeling as a Tool in Neuromuscular and Rehabilitation 
	10.3.2 Nanotechnology in Biomedicine 
	10.3.3 Functional Imaging 
	10.3.4 Neural Network Dynamics 
	10.3.5 Bioinformatics 
	10.3.6 Promises and Pitfalls of Biosignal Analysis: Seizure Prediction and Management 



	Author Index
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	Ö
	P
	Q
	R
	S
	T
	U
	Ü
	V
	W
	X
	Y
	Z

	Keyword Index
	-
	¦ 
	1
	2
	3
	4
	9
	A
	B
	C
	D
	E
	F
	G
	H
	I
	i
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z

	Committees
	Sponsors
	CD-Rom Help
	-------------------------
	Return
	Previous Page
	Next Page
	Previous View
	Next View
	Print
	-------------------------
	Query
	Query Results
	-------------------------
	Exit CD-Rom


